Abstract. To optimize a connecting rod satisfying fatigue life, metamodel-based design optimization is proposed. To approximately predict both volume and fatigue life of connecting rod, kriging metamodel is constructed based on maximin eigenvalue sampling. Fatigue analysis is accomplished for the calculation of fatigue life. The results of metamodel-based design optimization are compared with those of classical optimization. The advantages of metamodel-based optimization are discussed.
Introduction
In engineering optimization, direct coupling between optimization algorithm and simulation model may be inefficient since iterative computer simulations during optimization process usually require enormous computational costs. In this case, an efficient solution is to use approximate model for responses that expresses relationship between design variables and responses with a moderate number of computer simulations. This approximate model is usually referred to as metamodel. A variety of metamodels such as response surface model [1] , radial basis function, and kriging model [2] have been developed. Optimization technique incorporating these metamodels is called as metamodel-based design optimization. Metamodel-based design optimization consists of four steps: to determine sampling points, to build the metamodel, to assess accuracy of the metamodel, and then to use the validated metamodel for design optimization.
In this paper, metamodeling technique is applied to shape optimization of connecting rod considering fatigue life. For fatigue analysis, commercial finite element software ANSYS is used. Optimization problem is defined as volume minimization of connecting rod while satisfying life cycles. Results of metamodel-based optimization are compared with those of typical optimization. Benefits of metamodel-based optimization are also discussed.
Metamodeling
Sampling technique. A proper choice of sampling strategy is very important in metamodeling since the accuracy of metamodel sensitively depends on selection of sample points. Usually, sampling points used to build metamodel should be uniformly distributed over entire design space without replication. It can lead to the good performance of metamodel at predicted points. A variety of sampling techniques based on this concept, the so-called space-filling sampling, have been developed: Latin hypercube sampling, maximin distance sampling, maximum entropy sampling, and maximin eigenvalue sampling [3] .
In this paper, maximin eigenvalue sampling is employed. Maximin eigenvalue sampling is the optimal sampling based on eigenvalue problem as follows:
where R is ) ( n n × correlation matrix that presents spatial correlation among n pre-sampled points. The entities of correlation matrix are defined by correlation function, i.e.,
where k i
x denotes the k-th component of sample points
. Superscript p represents the type of correlation function: 1 = p and 2 = p denote exponential and Gaussian correlation, respectively. Correlation parameter k θ is pre-determined as 0.01 before the optimization to obtain sample points.
Since correlation matrix is positive definite, all eigenvalues of Eq. (1) In maximin eigenvalue sampling, maximization of the minimum eigenvalue can be interpreted as the selection of sample set to acquire the maximum amount of information. That is, when sample points spread evenly over design domain, much information for design domain can be obtained from the sample points. Fig. 1 Metamodel. Various metamodels exist as mentioned in the previous section, but here we review two metamodels, response surface model and kriging model, that are widely used in the application of design optimization. Response surface model has much success in fitting the data from physical experiment because it is based on regression technique to minimize the effect of random error. Second-order form of response surface model can be expressed as follows:
where unknown parameters i β , ii β , and ij β are estimated by ordinary least square method [1] .
Kriging model is originally developed in the field of geo-statistics in order to predict spatially correlated data, such as the thickness of ore layers, from a limited number of geological data. Sacks and his coworkers have applied kriging model to engineering application of VLSI circuit design [2] . Kriging model postulates the response as the combination of a polynomial model and the departure from the assumed a polynomial model as follows:
where
is generalized least square estimator that allows for weights to response 
Validation. Validation is defined as the judgment process for accuracy or quality of a metamodel. Validation can provide the valuable information for metamodel improvement. Through the validation, we can guarantee the accuracy of optimum solution in metamodel-based design optimization. For response surface model, validation strategy is adjust R-square that measures the deviations of the observed response from the fitted curve at sample points. For kriging model, however, because it is based on interpolating function, there are no deviations between the observed response at sample points and the corresponding prediction. In fact, adjust R-square of kriging model is always 1 regardless of the selection of sample points.
Therefore, alternative error measures to verify the kriging model are necessary. One of popular validation techniques is cross-validation [5] . This method is to leave out a sample point each time to fit a metamodel based on the rest of sample points, to use metamodel predicting the response on this leave-out point, and then to calculate the difference between the prediction and real responses. For this reason, cross-validation needs to create kriging models as many times as the number of sample points. The other strategy is to assess the performance of metamodel by comparing the true response with the prediction at additional points. In practice, this technique would not be possible because validation points are generally required much more than sample points and additional runs of computer simulation for validation are also computationally expensive.
However, the selection of validation points enough away from sample points can reduce the number of additional sample points. Therefore maximin distance sampling is suitable for the choice of validation sample points. For these additional validation points, R-square can be quantified for the error of metamodel as follows. 
where ) ( i y x is the corresponding predicted value for the observed value ) ( i y x at validation points and y is the mean of the observed value and v n is the number of validation points.
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Shape Optimization of Connecting Rod
Connecting rod is the core component of internal combustion engine to transmit the gas pressure acting on the piston to crankshaft. From the kinematical viewpoint, it transfers reciprocal motion of piston to circular motion of crankshaft. Thus, connecting rod is subjected to both compressive and tensile loads alternately. Since this loading condition produces the alternating stress, design of connecting road is required to consider fatigue life.
As shown in Fig. 3 , connecting rod consists of three parts as small end, rod, and big end. Design variables and parameters are described in configuration of connecting rod. Young's modulus, yield stress, and poission's ratio are ) GPa ( 200 , ) MPa ( 814 , and 33 . 0 = ν , respectively. As boundary condition, all degrees of freedom on bottom of big end are fixed. Loading condition is concerned with fundamentals of engine operation; maximum compressive load exerts at the top or bottom during power stroke and maximum tensile load exerts at the top of exhaust stroke. When the rotation speed of crankshaft is 6500rpm, it is found that maximum compressive and tensile load are 62 . 16 − (kN) and 33 . 7 (kN) according to the research [6] . The distributed loads that are equivalent to these loads are applied to inner of small end. at infinite life of 6 10 3× cycles. Some parameters that can have an influence on fatigue life, for instance, size effect and notch factor, are assumed to be insignificant in this problem. Fatigue analysis is accomplished by commercial software ANSYS.
Design optimization of connecting rod considering the fatigue life is formulated as follows:
where the usage factor is the ratio of infinite life with respect to fatigue life. In fact, it is helpful that usage factor leads to the effect to normalize the constraint and is specified to 1. Fatigue life of connecting rod is calculated at two nodes where maximum von Mises stress occurs for each loading condition, i.e., compression and tension.
It is important to note that the fatigue module of ANSYS cannot provide the fatigue life below fatigue limit; when stress amplitude is below fatigue limit, it presents only infinite life value of S-N . 18 validation points are sequentially determined by maximin distance sampling. Totally, 72 computer simulations are accomplished to build and validate Kriging metamodel. Conceptually, sequential maximin distance sampling is to explore the emptiest space of design domain and to select a sample point each time. Fig. 4 shows the comparison between actual simulation and the prediction of kriging model for two usage factors and volume at additional validation points. Fig. 4 indicates that usage factors are relatively more nonlinear than volume. It is also observed that R-squares calculated at validation points are 0.7994, 0.7444, and 0.9975, respectively. 
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Volume reduction of 21.5(%) is achieved. As you can see in Table 1 , there are small differences between the design variables of optimal designs achieved by each method. 
Concluding Remark
Metamodel-based design optimization is accomplished to optimum shape of connecting rod that minimizes volume while satisfying fatigue life. For accurate approximation of both volume and fatigue life of connecting rod, kriging model is employed and generated by maximin eigenvalue sampling. It can be concluded that metamodel-based design optimization of connecting rod can reduce the actual cost of computer simulations compared with that of classical design optimization. Optimal solution, however, is sufficiently acceptable within 1.23 % relative error.
